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Abstract

Multimodal learning seeks to integrate information across
diverse sensory sources, yet current approaches struggle to
balance cross-modal generalizability with modality-specific
structure. Continuous (implicit) methods preserve fine-
grained priors but render generalization challenging, while
discrete (explicit) approaches enforce shared prototypes at
the expense of modality specificity. We introduce CoDAAR1

(Cross-modal Discrete Alignment And Reconstruction), a
novel framework that resolves this long-standing trade-
off by establishing semantic consensus across modality-
specific codebooks through index-level alignment. This de-
sign uniquely allows CoDAAR to preserve modality-unique
structures while achieving generalizable cross-modal rep-
resentations within a unified discrete space. CoDAAR com-
bines two complementary mechanisms: Discrete Tempo-
ral Alignment (DTA), which enables fine-grained temporal
quantization, and Cascading Semantic Alignment (CSA),
which promotes progressive cross-modal semantic agree-
ment. Together, they establish a competition-free unified
representation space. Trained with self-supervised recon-
struction objectives on paired multimodal sequences, Co-
DAAR demonstrates robust cross-modal and cross-domain
generalization. Across Cross-Modal Generalization bench-
marks, including event classification, localization, video
segmentation, and cross-dataset transfer, CoDAAR achieves
state-of-the-art performance, establishing a new paradigm
for discrete and generalizable multimodal representation
learning.

1. Introduction
Humans perceive the world through a continuous stream of
multimodal sensory inputs: auditory, visual, and linguis-
tic. Yet, our cognitive system encodes these experiences as
discrete conceptual units rather than continuous represen-

1Our code is available at https : / / github . com /
EMuLeMultimodal/CoDAAR
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Figure 1. (A) Current SOTA unified multimodal representations
map only modality-agnostic features to discrete codes. (B) Our
proposed representation maps both (i) modality-agnostic and (ii)
modality-specific features within a unified space.

tations. For example, a video of a departing train is ab-
stracted into language tokens like “train”, “moving”, “sta-
tion”, allowing our mind to decompose multimodal stimuli
into symbolic components. This discretized architecture en-
ables cross-modal knowledge transfer; for instance, under-
standing “train” in text supports immediate recognition in
visual or auditory contexts, supporting higher-order reason-
ing and generalization across modalities.

Inspired by this cognitive principle, recent studies have
explored unified discrete representations for cross-modal
generalization and reasoning. Discrete spaces compress
high-dimensional multimodal features into finite sets of
generalizable latent codes [22, 34], enabling tasks such as
visual question answering [3, 18, 19], query-based segmen-
tation [10, 29], and audio-visual event localization [32, 40].
Existing methods generally follow two paradigms: (i) Im-
plicit continuous models [1, 26, 35, 44], which project
modalities into distinct continuous embedding spaces and
align them contrastively; and (ii) Explicit discrete ap-
proaches [9, 14, 22, 39, 42], which quantize multimodal
features via shared codebooks or prototypes. Implicit
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models offer flexibility and preserve modality uniqueness
but lack generalizability, while explicit methods often lose
modality-specific structure by enforcing a shared generaliz-
able space. Furthermore, most discrete frameworks [9, 42]
are coarse-grained, collapsing sequential features into sin-
gle prototypes before quantization, discarding temporal se-
mantics. As a result, they remain limited to simple retrieval
tasks [9, 42] or struggle to retain modality-specific cues
needed for complex downstream reasoning [15, 16, 39].

The significance of preserving modality-specific seman-
tics becomes clear in unconstrained real-world scenarios.
Distinguishing visually similar entities, such as a pug versus
a labrador, requires nuanced visual cues like fur texture, ear
shape, or gait, beyond the generic concept of ”dog” [19, 29]
(Fig. 1). Similarly, in audio-visual data, differentiating a
violin from a viola depends on the subtle acoustic tim-
bre and visual morphology of these instruments that coarse
semantic alignment alone cannot capture [32, 40]. Fine-
grained discrete codebook methods [14–16, 22, 39] that
rely on a unified quantization encounter a fundamental chal-
lenge: representation competition. High-variance modali-
ties, primarily vision with its rich spatio-temporal complex-
ity, dominate the shared codebook, biasing codeword po-
sitioning towards visual semantics, simultaneously relegat-
ing low-variance modalities (e.g., audio) to suboptimal re-
gions [20]. This disparity results in an unfavourable trade-
off: sacrificing modality-specific structural priors for cross-
modal generalization, or preserving modal heterogeneity at
the cost of generalizability [10, 19, 43]. This raises a cen-
tral question: How can we construct multimodal represen-
tations that preserve comprehensive modality-specific in-
formation while achieving generalizable cross-modal rep-
resentations?

To address these challenges, we propose the
Cross-Modal Discrete Alignment And Reconstruction
(CoDAAR) architecture. CoDAAR introduces modality-
specific codebooks instead of a single shared discrete
space, directly reducing representational competition. Each
modality preserves its intrinsic structural priors within
its respective codebook, whereas semantic alignment and
generalization arise through index-level correspondence
across codebooks. Our architecture comprises two key
components: (1) Discrete Temporal Alignment (DTA)
module handles fine-grained temporal semantics via cross-
modal exponential moving average updates at synchronized
timeframes across modalities. Each modality codeword
aggregates weighted contributions from both fine-grained
self-modal features (dominant) and time-synchronized
cross-modal streams (auxiliary), thereby balancing the
influence of high-variance modalities. (2) Cascading
Semantic Alignment (CSA) module enforces semantic
consensus at the codebook index level by hierarchically
aligning corresponding codewords across modalities. This

module gravitates the modal-specific codewords at the
same index towards a common semantic mean, ensuring
that identical indices across codebooks represent similar
semantics. This design combines the strengths of both
implicit and explicit approaches, preserving modality-
specific cues while achieving generalizable cross-modal
representations. Our main contributions are as follows:
• We introduce CoDAAR, a discrete multimodal align-

ment framework with two novel modules: DTA for
fine-grained temporal quantization through synchronized
cross-modal updates, and CSA for hierarchical index-
level semantic alignment across modality-specific code-
books.

• Our extensive experiments demonstrate cross-modal gen-
eralization under scarce annotation and variable labeling
costs across modalities, on the Cross-Modal Generaliza-
tion (CMG) benchmarks [39]. This evaluation assesses
CoDAAR’s capacity for zero-shot transfer between la-
beled and unlabeled modalities. CoDAAR achieves state-
of-the-art performance across diverse downstream tasks
involving unseen modalities.

2. Related Work

Implicit Multimodal Representations
Implicit multimodal methods align modalities within con-
tinuous embedding spaces via contrastive learning [26,
35], spanning vision-language [6, 23, 26, 37, 41], audio-
visual [12, 17, 24, 44], video-audio-text [1, 27, 38],
and speech-text [4, 11, 36] combinations through con-
trastive objectives, modality-agnostic transformers, and
cross-modal knowledge distillation [2, 25, 28]. While
achieving strong cross-modal semantic consistency, their
unbounded continuous embeddings inherently restrict gen-
eralizability and lack explicit structural similarity across
modalities, inhibiting cross-modal generalization.

Explicit Multimodal Representations
Explicit methods achieve generalization through discrete
quantization using shared codebooks [22, 34] or proto-
types [9] to enable explicit cross-modal similarity. Coarse-
grained approaches [9, 42] use Optimal Transport or self-
cross-reconstruction for prototype alignment but lose tem-
poral semantics by condensing sequences into single vec-
tors, restricting them to basic retrieval tasks. Recent fine-
grained methods [14–16, 22, 39] preserve temporal struc-
ture through frame-level quantization, improving perfor-
mance on complex applications [16, 19, 43]. However,
their unified codebook designs create fundamental limita-
tions: high-variance modalities dominate codeword opti-
mization while modality-specific structural priors dimin-
ish [15, 16, 39]. Our approach addresses these constraints
using modality-specific codebooks that preserve structural
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Figure 2. The overview of our proposed CoDAAR framework. (a) Model architecture. (b) The Cross-modal Discrete Alignment mecha-
nism, comprising Discrete Temporal Alignment (DTA), CPC loss, Cascading Semantic Alignment (CSA), and commitment loss.

priors while achieving semantic consistency through index-
level alignment across codebooks.

3. Cross-Modal Generalization Task Definition

The Cross-Modal Generalization (CMG) task was intro-
duced in [39] to assess whether multimodal models can
learn modality-invariant discrete representations. This task
measures how supervision obtained from one modality
transfers to another during downstream evaluation. Let
m1,m2 ∈ {a, v, t} denote audio, video, and text modal-
ities with m1 ̸= m2. During downstream training, the
model learns representations for input samples xm1

i and
their respective labels ym1

i , using a modality-specific en-
coder Ψm1(·) and a modality-invariant task-head decoder
G(·). The encoder produces continuous embeddings, which
are then mapped to discrete latent codes using a vector-
quantization operator V Q(·). The decoder is trained on
top of these codes using an evaluation loss EL(·). At test
time, the decoder is evaluated on samples xm2

i and labels
ym2
i from a different modality m2. The parameters of both

Ψm1 and Ψm2 stay static throughout training and testing,
while only the parameters of G(·) are updated during train-
ing. Performance reflects the extent to which the learned
discrete space aligns heterogeneous modalities and supports
zero-shot knowledge transfer from m1 to m2. A complete
notation library is provided in the supplementary material.

4. CoDAAR Architecture

4.1. Cross-Modal Discrete Alignment Framework

We introduce Cross-Modal Discrete Alignment And
Reconstruction (CoDAAR), a framework that constructs a
unified discrete latent space for fine-grained cross-modal

and cross-domain generalization. Given a paired multi-
modal dataset X = {(xa

i , x
v
i , x

t
i)}Ni=1 with aligned audio,

video, and text sequences, CoDAAR assigns each modal-
ity m a codebook Em ∈ RK×D containing K code-
words. Each modality’s input is encoded into continu-
ous semantic embeddings, then discretized via these code-
book indices. The key innovation is aligning these indices
such that identical indices across modalities represent the
same latent concept, yielding a unified discrete vocabu-
lary E = [Ea;Ev;Et]. This aligned index space enables
cross-modal knowledge transfer while preserving modality-
specific structural cues in respective codebooks through
two complementary objectives: reconstruction for capturing
modality-specific details and alignment for enforcing cross-
modal semantic coherence, supporting evaluation under the
CMG protocol (Section 3). Domain generalization emerges
through unsupervised pre-training on these structural and
semantic patterns. Figure 2a illustrates the architecture.

4.1.1. VQ-VAE Backbone
Given paired multimodal sequences X =
{(xa

i , x
v
i , x

t
i)}Ni=1, the core backbone module follows a

vector-quantized reconstruction pipeline. For each modal-
ity m ∈ {a, v, t}, an encoder Ψm(·) maps inputs xm

i to a
continuous latent representation zmi = Ψm(xm

i ) ∈ RT×D,
where T and D denote the temporal length and fea-
ture dimension. Each modality maintains a codebook
Em ∈ RK×D with K codewords of the same dimension-
ality as the latent embeddings. Encoder embeddings are
discretized to these codebooks via a nearest-neighbour
lookup. Each vector frame zmi,t, t ∈ {1:T}, is mapped to
a quantized embedding, ẑmi,t = VQ(zmi,t) = em(k), where
the index k is selected by k = argminj ∥zmi,t − em(j)∥22.
For reconstruction, the quantized embeddings ẑmi are
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concatenated with a modality-specific projection Pm(xm
i )

of the input features, and passed through a decoder
Dm(·) to obtain x̃m

i = Dm([ẑmi ;Pm(xm
i )]). Training

follows the standard VQ-VAE objective [34], combining
reconstruction, quantization, and commitment terms:

L = ∥xm
i − x̃m

i ∥22︸ ︷︷ ︸
reconstruction loss

+ ∥sg[zmi ]− em∥22︸ ︷︷ ︸
VQ loss

+β∥zmi − sg[em]∥22︸ ︷︷ ︸
commitment loss

,

(1)
where sg[·] is the stop-gradient operator and β = 0.25 in
all experiments [34]. Following [34, 42], we construct
the codebook via Exponential Moving Average (EMA) op-
eration instead of the explicit VQ loss, improving sta-
bility and preventing codebook collapse. Without addi-
tional constraints, this core formulation learns modality-
specific codebooks that remain semantically misaligned
across modalities. We use this backbone to isolate the ef-
fects of our alignment mechanism, ensuring that improve-
ments arise solely from cross-modal correspondence.

4.1.2. CPC-based Cross-Modal Information Maximiza-
tion

To inject multimodal semantics into our unimodal encoders
Ψm(·), we adopt a Contrastive Predictive Coding (CPC)
objective [35, 39] that makes each encoder cross-modally
aware. For a modality pair (a, b), a unidirectional LSTM
summarizes past embeddings of modality a into a con-
text vector cat , which is optimized to predict future em-
beddings of modality b. This incorporates fine-grained
temporal cross-modal cues directly into the unconstrained
unimodal streams, improving modal transferability during
downstream inference. We apply the objective symmetri-
cally across ordered modality pairs and average their con-
tributions:

LCPC = − 1

H

H∑
h=1

log
exp

(
(zbt+h)

⊤W a
h cat

)∑
j exp

(
(zbj)

⊤W a
h cat

) , (2)

where cat is the modality-a context at time t; zbt+h is the fu-
ture latent of modality b; W a

h is a step-specific linear projec-
tion; the denominator aggregates one positive and sampled
negatives {zbj} from modality b.

4.1.3. Cross-Modal Discrete Alignment
With our CPC-induced cross-modally aware encoders
Ψm(·) in place, we introduce a three-fold alignment to
learn our codebooks. DQA aligns codebook index selec-
tion across modalities; DTA temporally aligns the construc-
tion of these selected codewords via cross-modal EMA; and
CSA applies a cascading shift to these constructed code-
words to enforce cross-index semantic alignment.

Discrete Quantization Alignment (DQA)
To ensure index utilization of an embedding i is con-
sistent across modalities m ∈ {a, v, t}, we employ the

Cross-Modal Code Matching (CMCM) [22] loss, extend-
ing it to our modality-specific codebooks {Em}m∈{a,v,t}.
For each paired embedding (zai , z

v
i , z

t
i), we compute the

sequence-level code-usage distributions p i
m over indices

k ∈ {1, . . . ,K} and align these distributions across modal-
ities. We match the embedding distributions of correspond-
ing indices by contrasting distributions from modality-
paired sample embeddings while treating non-matching
samples in the batch as negatives. This encourages the
model to assign the same index to the same embedding
instance across modalities, leading to consistent nearest-
neighbour lookups even though each modality quantizes
through a different codebook. DQA therefore promotes
cross-modal index usage synchronization. However, it does
not guarantee semantically aligned codebook constructions.
The DQA loss equation can be found in the supplementary
material.

Discrete Temporal Alignment (DTA)
We introduce DTA to enable fine-grained temporal quanti-
zation and to align how selected codewords are constructed
over training iterations. We treat codewords as k-means
centroids for the latent encoder embeddings and update
them using a temporally aligned, cross-modal EMA. For
each timestep of a paired sample embedding, the centroid
of modality m moves toward a convex combination of its
own quantized embeddings and the paired embeddings from
the other modalities at that same timestep. Cross-modally
aware encoders produce temporally aligned embeddings
with comparable semantics at identical timesteps within a
sample. This allows our cross-modal EMA updates to ag-
gregate the underlying aligned semantics.
Indexing: A mini-batch contains B samples indexed by i ∈
{1:B}, each with T timesteps. For modality m ∈ {a, v, t},
the latent encoder embedding is zmi ∈ RT×D.
Hard assignment (per codeword k): For modality m
with codebook Em = {em(k)}Kk=1, each embedding frame
zmi,t, t ∈ {1:T}, selects exactly one codeword via nearest-
neighbour lookup:

πm(i, t) = argmin
j∈{1:K}

∥∥zmi,t − em(j)
∥∥2
2
,

qm,i,t(k) = ⊮[k = πm(i, t)] .

(3)

Stacking qm,i,t(k) over (i, t) produces a binary responsibil-
ity tensor with one-hot rows per (i, t).
Temporally aligned accumulators: For {n, p} =
{a, v, t} \ {m}, we define EMA inputs that aggregate
matched (i, t) assignments:

Uself
m (k) =

B∑
i=1

T∑
t=1

qm,i,t(k) z
m
i,t,

Ucross
m (k) =

B∑
i=1

T∑
t=1

qm,i,t(k)
(
zni,t + zpi,t

)
.

(4)
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EMA update (per codeword k): We use λself=0.6,
λcross=0.2 (two cross terms; 0.6+0.2+0.2 = 1), decay
ρ∈(0, 1), and ε>0. The update is:

Hm(k) = λselfU
self
m (k) + λcrossU

cross
m (k),

Snew
m (k) = ρSm(k) + (1− ρ)Hm(k),

Cnew
m (k) = ρCm(k) + (1− ρ)

B∑
i=1

T∑
t=1

qm,i,t(k),

enew
m (k) =

Snew
m (k)

Cnew
m (k) + ε

.

(5)

Here, Sm(k) tracks the EMA-weighted sum of assigned
features (self and time-aligned cross-modal), Cm(k) tracks
the EMA-weighted assignment count, and enew

m (k) is the re-
sulting centroid. The weights (0.6, 0.2, 0.2) form a convex
partition. The self-term anchors each codeword in its own
modality. The cross-terms incorporate time-aligned evi-
dence from the paired modalities at the same (i, t), acting as
soft teachers. Updating the codebooks separately for each
modality with dominant self-anchors, unlike methods with
a shared codebook [16, 39], prevents competition in a single
shared space and avoids dominance by any one modality.

Cascading Semantic Alignment (CSA)
Although the unimodal codebooks already mix modality-
specific and shared cues through DTA, index-level semantic
misalignment arises from independent initialization across
Ea, Ev , and Et and modality biases. To enforce seman-
tic consistency across modality-specific codebooks, we in-
troduce this hierarchical cascade module that gravitates the
three centroids at index k toward a shared multimodal se-
mantic mean anchored by c0(k) (Eq. 6). The cascade miti-
gates the misalignment by applying a sequential T→A→V
centroid shift (Fig. 3), ordered by increasing relative se-
mantic capacity: text (global semantics) < audio (tempo-
ral semantics) < video (spatio-temporal semantics). Text
is first pulled toward the cross-modal anchor c0(k); audio
then bridges text and video; video finalizes the consensus
while retaining the most detail (Fig. 3). Intuitively, the mul-
timodal semantic mean tends to lie closer to the higher-
capacity stream, i.e., video, which contributes additional
spatial detail. Let e0v(k), e

0
a(k), e

0
t (k) ∈ RD be post-DTA

centroids at index k in a mini-batch iteration. We define
c0(k), the geometric centroid of the 3 codewords, as the
cross-modal semantic anchor for index k.

c0(k) = 1
3

(
e0v(k) + e0a(k) + e0t (k)

)
. (6)

We apply cascading equal-weight updates to the modality
centroids:

e1t (k) = c0(k),

e1a(k) =
1
3

(
e0a(k) + e0v(k) + e1t (k)

)
,

e1v(k) =
1
3

(
e0v(k) + e1a(k) + e1t (k)

)
.

(7)

Step  1 Step  2 Step  3 Step  4

e (k)0
v

e (k)0
a

c (k)0

e (k)0
t e (k)0

t

e (k)0
ae (k)1

t

e (k)0
v

e (k)0
a

e (k)1
t

e (k)0
t

e (k)1
a

e (k)0
v

e (k)1
v

e (k)0
v

e (k)1
a

e (k)0
a

e (k)1
t

e (k)0
t

Figure 3. Cascading Semantic Alignment Visualized

Thus, the modality-specific centroids at index k shift toward
distinct multimodal locations in the representation space
rather than collapsing into a single trimodal point. This
allows the centroids to share a unified semantic meaning
while retaining modality-specific characteristics, with video
(last) retaining the most. Learned mixing weights destabi-
lize our EMA update and allow one modality to dominate,
causing codebook collapses. Therefore, we use fixed, non-
negative update weights in Eq. 7; that sum to 1 and create
progressive centroids. This keeps each update inside the
convex hull of its contributors and stabilizes codebook con-
struction. As training proceeds, and DTA aggregates more
paired embeddings, the three codewords at index k move
toward semantic consensus in an independent yet coordi-
nated manner through this complementary cascade module.
The commitment loss (Eq. 8) then pulls multimodal latents
toward their assigned centroids, forming distinct semantic
spheres in the multimodal representation space (Fig. 2b).

4.1.4. Pretraining Objectives
Cross-modal Commitment loss: For modality m ∈
{a, v, t}, let zmi = Ψm(xm

i ) be the encoder embedding of
sample i, zmi,t, t ∈ {1:T}, the embedding frame, and let
ki,t be the index selected by the quantizer (nearest code)
in modality m, with codewords em(k) ∈ Em. Using the
stop–gradient operator sg[·], we define

Lm
commit =

T∑
t=1

[
β∥zmi,t − sg[em(ki,t)]∥22

+ β
2

∑
n ̸=m

∥zmi,t − sg[en(ki,t)]∥22
]
.

(8)

where n ∈ {a, v, t}, and β = 0.25. The first term makes
each encoder embedding commit to its own selected code-
word; the (weaker) cross terms (β/2) softly pull it toward
the same-index centroids of the other modalities, encourag-
ing index-level alignment.
Cross-modal reconstruction: After aligning the cross-
modal codeword indices, we get ẑmi ∈ RT×D as the quan-
tized latent of modality m ∈ {a, v, t}. Thus, we can define
the concatenated tri-modal code as: ẑtrii = [ẑai ; ẑ

v
i ; ẑ

t
i] ∈
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RT×3D. Each modality is reconstructed from the same
trimodal code, instead of the unimodal codes, concate-
nated with the modality-specific projection as defined in
Sec. 4.1.1:

x̃m
i = Dm

(
[ẑtrii ; Pm(xm

i )]
)
,

Lm
rec =

∥∥xm
i − x̃m

i

∥∥2
2
.

(9)

This introduces cross-modal reconstruction gradients that
flow to all unimodal encoders Ψm(·), making them cross-
modally aware.
Final Loss: Our pre-training minimizes the following com-
posite objective:

Ltotal =
∑

m∈{a,v,t}

(
Lm

rec + Lm
commit

)
+

∑
(m,n)∈P

(
Lm↔n

CPC + Lm↔n
CMCM

)
.

(10)

Here P = {(a, v), (a, t), (v, t)} denotes modality pairs
available in a batch. Reset Code: Following [39], we reset
any inactivated code that is unselected for Nre consecutive
batches by reinitializing it from an active code plus small
noise, preventing dead codes.

4.2. Downstream Protocol
After pretraining, we freeze all our encoders and code-
books. Downstream protocols involve training only
lightweight task heads with an evaluation loss EL(·) follow-
ing the CMG evaluation setup in Section 3.

5. Experiments
5.1. Evaluation Setup
We evaluate CoDAAR under two pretraining settings: AV
(Audio–Video) and AVT (Audio–Video–Text). Challeng-
ing cross-modal and cross-domain transfer experiments use
only AVT due to AV’s lack of textual semantic grounding.
We pretrain on VGGSound-AVEL [5, 44] using 40k and
90k splits, which contain audio, video, and event labels;
for AVT, we incorporate text via event-label descriptions
from [39].
1. Cross-modal Event Classification (AVE) [32]: Each
video contains a single event label. We train a global event
classifier using one modality (e.g., video) and evaluate zero-
shot performance on another (e.g., audio). Precision is re-
ported as the evaluation metric.
2. Cross-modal Event Localization (AVVP) [33]: This
multi-label dataset includes temporally overlapping events.
We train a fine-grained event classifier on one modality and
test on another, measuring segment-level accuracy to cap-
ture temporal alignment and class imbalance.
3. Cross-Modal Zero-Shot Retrieval (MSCOCO [21],
Clotho [8]): We evaluate zero-shot cross-modal retrieval

on MSCOCO for vision↔text and Clotho for audio↔text
by retrieving nearest neighbours in the codebook-quantized
embedding space. Recall@k (k ∈ {1, 5, 10}), which mea-
sures whether the correct match appears within the top-k
retrieved candidates, is reported.
4. Cross-modal Video Segmentation (AVSBench-
S4) [43]: Using the AVT setup, we train a query-based
video segmenter with one modality (e.g., text) and directly
test segmentation performance in another modality (e.g.,
audio). We report mean Intersection-over-Union (mIoU)
and F1 score.

Precision is used for single-label datasets (AVE), while
segment-level F1 and accuracy are reported for multi-label
or localization tasks (AVVP, AVSBench).

Additional cross-dataset transfer experiments are pro-
vided in the supplementary material.

5.2. Implementation Details
We use the unimodal discretization framework from
Sec. 4.1.1 as our baseline and additionally compare Co-
DAAR with state-of-the-art multimodal discrete represen-
tation and domain generalization methods: CMCM [22],
CODIS [9], TURN [42], DCID [39], and MICU [16].
Since CMCM, CODIS, and TURN primarily align only two
modalities and cannot reliably generalize to unconstrained
tri-modal setups, we compare AVT settings only with DCID
and MICU, which support tri-modal alignment. All experi-
ments use embedding dimension D=256 and K=800 code-
words per modality. Temporal EMA updates use λself=0.6,
λcross=0.2 for tri-modal (AVT) and λself=0.75, λcross=0.25
for bi-modal (AV). Complete implementation details can be
found in the supplementary material.

5.3. Comparison with SOTA
Cross-modal Event Classification and Localization: Ta-
bles 1 and 2 report results for the AV and AVT pre-
training settings on AVE (global classification) and AVVP
(segment-level localization). Without cross-modal align-
ment, the unimodal baseline transfers knowledge poorly
between modalities. Among prior methods, DCID per-
forms well for smaller datasets, while MICU yields stronger
classification but weaker localization. CoDAAR achieves
the most balanced and consistent results, particularly
on AVVP. While DCID and MICU’s unified codebooks
produce strictly modal-agnostic representations, our dis-
crete representations retain both modality-specific cues and
modality-agnostic semantics, enabling fine-grained local-
ized multi-event segment-level decisions. In the larger
90K-scale setting, CoDAAR maintains stable accuracy,
whereas DCID and MICU degrade, suggesting that our
temporal–hierarchical alignment helps mitigate overfitting
from instances with noisy multimodal alignment in larger
datasets. Incorporating text during pretraining (AVT) fur-
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Method
VGGSound-AVEL 40K VGGSound-AVEL 90K Average
AVE AVVP AVE AVVP

V→A A→V V→A A→V V→A A→V V→A A→V
Baseline 5.1 4.5 5.5 4.3 7.5 10.2 6.2 7.6 6.4
CMCM [22] 32.7 36.8 41.9 45.1 30.5 33.7 38.4 43.9 37.9
CODIS [9] 20.8 26.4 35.1 37.9 29.3 31.1 33.8 36.4 31.4
TURN [42] 19.1 24.3 36.9 39.3 28.5 32.2 32.5 37.6 31.3
DCID [39] 47.7 52.3 64.0 65.6 34.8 49.0 59.7 64.8 54.7
MICU [16] 47.2 51.4 38.4 33.5 33.0 37.7 42.9 46.1 41.3
CoDAAR (ours) 47.6 49.7 63.6 72.4 43.3 49.4 60.0 67.2 56.6

Table 1. AV setting: comparison with state-of-the-art methods on (i) event classification (AVE, Precision) and (ii) event localization (AVVP,
Segment-level Accuracy). V→A / A→V denote transfer directions.

Method
VGGSound-AVEL 40K VGGSound-AVEL 90K Average
AVE AVVP AVE AVVP

V→A A→V V→A A→V V→A A→V V→A A→V
Baseline 6.2 5.7 7.1 6.5 8.3 9.1 8.6 9.4 7.6
DCID [39] 54.1 55.0 63.4 71.0 43.7 50.3 64.0 64.2 58.2
MICU [16] 56.1 57.1 59.5 56.2 43.1 47.8 45.6 47.1 51.6
CoDAAR (ours) 52.3 55.5 70.8 72.5 50.8 51.9 69.7 70.4 61.7

Table 2. AVT setting: comparison with state-of-the-art methods on (i) event classification (AVE, Precision) and (ii) event localization
(AVVP, Segment-level Accuracy).

ther improves cross-modal alignment. Text event descrip-
tions act as holistic semantic anchors, stabilizing codebook
index synchronization. While MICU and DCID achieve
slightly higher AVE precision in small-scale setups, Co-
DAAR outperforms on the multi-event AVVP benchmark
and remains robust across scales.
Cross-Modal Zero-Shot Retrieval: Table 3 reports zero-
shot retrieval on MSCOCO (V↔T) and Clotho (A↔T).
CoDAAR achieves the highest overall average across both
scales, with strong gains on Clotho under both 40K and
90K settings, while remaining competitive on MSCOCO
at lower thresholds and the 40K setting and leading at
R@10 and under 90K. This confirms generalization to un-
seen datasets and modality pairs without fine-tuning.
Cross-modal Video Segmentation: Table 4 presents re-
sults on the AVSBench-S4 benchmark. CoDAAR attains
the best or comparable mIoU and F1 scores in both di-
rections (audio↔ text). The performance advantage is at-
tributed to the tri-modal centroids, which retain richer vi-
sual semantics, thereby improving segmentation even when
queries are issued from a different modality. Qualitative
maps (Figs. 4 and 5) further confirm precise visual local-
ization, demonstrating CoDAAR’s ability to generalize to
unseen modality combinations. Additional qualitative visu-
alizations can be found in the supplementary material.

Overall, CoDAAR provides consistent improvements
across tasks and datasets, resulting in stable cross-modal
and cross-domain generalization.

5.4. Ablation Studies
All ablation experiments are conducted on the VGGSound-
AVEL 40K split to ensure consistency across analyses.

Figure 4. Visualization of audio-to-text generalization on AVS-S4
video segmentation task

Figure 5. Visualization of text-to-audio generalization on AVS-S4
video segmentation task.

Component Analysis: Tables 5 and 6 report the impact
of removing each module under AV and AVT settings. Re-
moving CSA leads to the most severe performance degrada-
tion (e.g., AVE 21.2/18.1, AVVP 10.4/11.2 in AV), con-
firming that cross-modal semantic alignment of modality-
specific codebooks is essential for index consensus. Elimi-
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Method
VGGSound-AVEL 40K VGGSound-AVEL 90K

AverageMSCOCO(V↔T) Clotho(A↔T) MSCOCO(V↔T) Clotho(A↔T)
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

DCID [39] 0.80 5.00 8.30 2.06 9.00 16.70 0.80 4.80 8.20 2.77 11.00 20.43 7.49
MICU [16] 1.30 5.00 8.80 2.44 10.96 18.95 0.90 4.90 9.50 3.35 10.07 17.62 7.82
CoDAAR (ours) 0.80 4.40 9.50 3.30 11.57 19.00 1.30 6.10 10.40 5.64 16.65 24.70 9.45

Table 3. Cross-modal zero-shot retrieval comparison with discrete SOTA methods on MSCOCO (V↔T) and Clotho (A↔T) datasets.

Methods
VGGSound-AVEL 40K VGGSound-AVEL 90K

Average
A→T T→A A→T T→A

mIoU F-score mIoU F-score mIoU F-score mIoU F-score
DCID [39] 73.3 83.3 77.7 86.7 74.8 84.7 76.2 86.3 80.4
MICU [16] 73.8 84.1 76.9 86.5 76.4 86.0 75.7 85.7 80.6
CoDAAR (ours) 74.3 84.5 75.4 86.6 76.5 86.4 76.0 86.0 80.7

Table 4. AVT setting: comparison with state-of-the-art methods on AVSBench-S4 query-based video segmentation task, fine-tuned till the
4th downstream epoch. Columns report mIoU and F-score for audio→text and text→audio.

Components AVE AVVP
CPC DTA CSA DQA V→A A→V V→A A→V

– ✓ ✓ ✓ 38.6 40.2 52.5 53.1
✓ – – ✓ 19.6 9.7 7.3 8.3
✓ ✓ – ✓ 21.2 18.1 10.4 11.2
✓ – ✓ ✓ 45.2 47.3 60.5 69.0
✓ ✓ ✓ – 43.5 49.5 65.9 68.1
✓ ✓ ✓ ✓ 47.6 49.7 63.6 72.4

Full model

Table 5. Component Ablation (AV settings): AVE (Precision),
AVVP (Segment Accuracy)

Components AVE AVVP
CPC DTA CSA DQA V→A A→V V→A A→V

– ✓ ✓ ✓ 42.6 42.9 48.1 56.7
✓ – – ✓ 3.4 6.9 4.8 10.8
✓ ✓ – ✓ 11.1 25.5 10.7 7.5
✓ – ✓ ✓ 46.9 51.5 66.3 70.6
✓ ✓ ✓ – 51.5 54.8 69.5 71.0
✓ ✓ ✓ ✓ 52.3 55.5 70.8 72.5

Full model

Table 6. Component Ablation (AVT settings): AVE (Precision),
AVVP (Segment Accuracy)

Setting Cascade
AVE AVVP

V→A A→V V→A A→V
AV V→A 46.5 50.0 62.6 70.3

A→V 47.6 49.7 63.6 72.4
AVT T→A→V 52.3 55.5 70.8 72.5

T→V→A 51.4 54.1 69.5 71.0
A→T→V 51.6 53.6 68.5 71.9
A→V→T 51.2 52.3 70.5 73.0
V→T→A 51.4 53.8 70.0 71.4
V→A→T 50.5 52.2 70.1 72.3

Table 7. Cascading order ablation on AVE (Precision) and AVVP
(Segment-level Accuracy). AV uses VGGSound-AVEL 40K; AVT
exhaustively ablates all six permutations.

nating CPC also causes a major drop (AVVP 63.6/72.4 →
52.5/53.1 in AV; 70.8/72.5 → 48.1/56.7 in AVT), as this
module injects cross-modal cues into unimodal encoders.
The absence of DTA or DQA individually weakens per-

formance—particularly classification precision when DQA
is removed (52.3/55.5 → 51.5/54.8 in AVT)—indicating
that temporal and quantization alignment are complemen-
tary. Overall, the full model achieves the best performance
in all transfer directions, demonstrating the importance of
their joint interaction.
Cascade Order: Table 7 ablates the hierarchical consen-
sus order. In AV, A→V outperforms V→A, suggesting that
mapping semantics closer to video codewords benefits from
video’s richer spatial detail. For AVT, we exhaustively eval-
uate all six permutations: T→A→V is optimal, as text first
provides holistic semantic anchoring while video last re-
fines alignment with spatial cues. Orderings placing text
last yield lower AVE scores, confirming its role as an early
semantic anchor.

Further ablations on codebook size and embedding di-
mension are included in the supplementary material.

6. Conclusion
In this paper, we presented CoDAAR, a cross-modal dis-
crete alignment module that introduces two novel mecha-
nisms—DTA and CSA—to synchronize modality-specific
codebooks at the index level semantically. These modules
jointly preserve modality-specific and modality-agnostic in-
formation within a unified discrete space. Future work in-
cludes expanding CoDAAR to new modalities (e.g., sensor
streams, point clouds) and applications such as sentiment
analysis and cross-modal retrieval.
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